In the field of still and moving pictures digital imaging one of the most important factors affecting the quality of the acquisition is a correct exposure. This factor is especially important for video surveillance. It is particularly applicable in the case of CCTV cameras often operating in low-light conditions or blinded by an external light source. It is quite common that the lighting conditions are well below the adaptive capacity of a camera. Therefore, it is necessary to continuously monitor the level of exposure to determine image quality. It should be noted that the level of exposure is not expressed using quantitative parameters of acquisition (being sometimes meaningless from the perceived quality assessment point of view) but is measured directly on the image. The purpose of the presented research was to develop a No Reference (NR) metric assessing video Quality of Experience (QoE) affected with the exposure distortion. It was presumed that both over-and under-exposure degrade QoE, so the research task was to derive a proper mapping function between QoE and exposure. The presented exposure metric is unique and no similar research was found in the literature.
INTRODUCTION
Exposure is the total amount of light allowed to fall on a photographic medium during the process of taking a photograph [1] . In the digital domain the photographic medium is represented by a matrix of light sensors. A correct exposure means that light sensors were exposed to such an amount of light that the image histogram covers a desired range of the luminance. This definition refers to both still and moving digital images. Any distortion in the exposure domain may occur only during the image acquisition process. The same picture taken at different exposure levels is presented in Fig. 1 . Associated histograms (the distribution of image pixels luminance) illustrate correct-, over-, and under-exposure. Picture in Fig.  1(a) shows a correctly exposed image. Its histogram is spread over the whole range of the luminance. Histograms of overand under-exposed images are shifted to the bright and the dark side, respectively (see Fig. 1(b) and Fig. 1(c) ).
The most popular research area dealing with image exposure is referred to as High Dynamic Range (HDR) imaging. The idea of this technique is to enhance a dynamic range of an image (greater range of luminance between the lightest and the darkest area) beyond capture device capabilities. It is obtained by merging a number of pictures (usually 2 or 3) taken at different exposure times [2] . Other research taking advantage of exposure modifications is presented in [3] . In the experiment optimized exposure and ISO values are verified with respect to image quality reproduction. In the result, a dynamic range of an image is extended and visual noise is minimized. In both of the presented research areas image exposure is considered as a controllable parameter that can be described using acquisition parameters (aperture, ISO, exposure time). The open questions are how to quantify the overall image exposure and how it relates to the quality perceived by people (QoE).
The purpose of the presented research was to develop a No Reference (NR) metric assessing video QoE affected by exposure distortion. It was presumed that both over-and underexposure degrade QoE and that the task is to find a proper mapping function between the metric (exposure level) and QoE. The function was derived from the results obtained in a subjective experiment. The presented exposure metric is unique and no similar research has been found in the literature. Since the research is devoted to video sequences, it was necessary to develop an exposure generation model. Such a model should allow for the introduction of a desired level of over-and under-exposure into a video sequence. The reason is that in contrast to still images, it is not possible to produce exactly the same video sequences with different exposure levels using a single camera. What is more, the research was performed on existing sequences, shared by the video quality community [4] in a source quality. Distorted video sequences derived from the exposure generation model were rated by humans with regard to QoE in a subjective experiment.
Section 2 describes an exposure generation model being essential for the research. Verification and discussion on the model performance is given in Section 3. The exposure metric implementation based on the picture analysis approach is presented in Section 4. The subjective experiment and analysis of results is given in Section 5 and Section 6 respectively while Section 7 concludes the research.
EXPOSURE GENERATION MODEL
In contrast to still images, it is not possible to produce exactly the same video sequences with different exposure levels using a single camera. Therefore, it was necessary to develop an exposure generation model capable of introducing the desired level of over-and under-exposure into a video sequence. The model is required to modify the luminance of the original video sequences in such a manner as they were captured with different exposure parameters.
There are basically three methods to control exposure in digital cameras. Firstly, by opening or closing the aperture. The larger the hole of the iris the more light is reaching image sensors in a given time. Secondly, by changing the light signal boost what is commonly referred to as ISO sensitivity. The last way to control image exposure is to change the exposure time. It is the most straightforward way and assures that other image parameters remain unchanged. In the case of the aperture adjustment the depth of the field DoF is affected additionally. It is not a desired effect since a large hole of the iris yields significant reduction of DoF. Another undesirable effect is associated with ISO adjustment. The higher the ISO the more sensitive image sensors are and therefore the possibility to take pictures in low-light situations. The disadvantage of this process is associated noise level increase. The above consideration became the cue to select the exposure time adjustment as the only way to control image exposure in the performed experiment.
In order to build as generic an exposure generation model as possible a custom test chart was created (see Fig. 2 Exposure time, which changes exponentially, has been replaced on the x-axis by a picture number (linear scale). This is a good approximation of the resultant change in the exposure (observed in the picture) due to a nonlinear light to the brightness (color saturation) conversion used in photography. Replacing a picture number with an exposure time on the xaxis causes a significant increase in the observed asymmetry. Obtained plots present a characteristic that is in line with the intuition. It is similar to the physical characteristics of a typical image sensor presented in Fig. 4(a) . For the simplicity input voltage V in represents the amount of light reaching an image sensor (exposure) and output voltage V out represents the resulting color saturation. The voltage transfer characteristic can not be directly adopted because there are different image sensors and different characteristics of the remaining part of the image acquisition path (e.g. lens or postprocessing). The transition from V out = V high to V out = V low is symmetric and centered around (V high − V low )/2. In digital photography the voltage transfer characteristic is modified asymmetrically in order to encode the bright light with a higher resolution than the dark one. It is presented in Fig. 4(b) where a much greater exposure change (eps2 >> eps1) is necessary to produce the same luminance change in the dark than in the bright light.
The same properties can be observed in the obtained plots (compare Fig. 3 versus Fig. 4(b) ). It is clearly visible that regardless of the initial color saturation value all curves follow nearly the same function.
It was necessary to propose a function that can be used for mapping between exposure level x and pixel saturation values y for all RGB components. The following properties were desirable: limited values, saturation around the extremes, and asymmetry in order to account for any non-linear processing. The selected function was an asymmetric logit function [5] given by Eq. 1.
where a, b and c are estimated parameters. An example of the ALF function is shown in Fig. 5 . Note that all presented functions have similar behavior for x > 3 and different for lower values (i.e. the desired asymmetric behavior).
The ALF function is a non-linear function, so the parameter estimation is not a trivial task. For the research purpose a nonlinear least squares method was used. Note, that for this method it is important to choose proper starting points for all estimated parameters. In the presented research the exposure level was described by a virtual variable, i.e. experiment number from 1 to 28. It was necessary to normalize it prior to the estimation using the following formula:
where std(x) is the standard deviation of x. The analysis shows that the best results (averaged R 2 values higher than 0.995 for R, G and B color components) have been obtained for the following values (with 95% confidence bounds): a = −3. Obtained results show that the proposed model fits the test chart data. Hence, the model is expected to produce a realistic exposure modification effect when applied to the video content. The effect is obtained by the modification of the color components' saturation (for each single frame of a video sequence) according to the derived mapping function.
VERIFICATION OF THE PROPOSED MODEL FOR EXPOSURE GENERATION
The next step after the finalization of the model for exposure generation was to validate it against results obtained for real pictures. It was necessary to verify whether a model built upon a given image and digital camera can be generalized over different images and cameras. For this purpose 3 different scenes were captured using two different digital cameras, with numerous exposure times. Each scene varies in terms of content, lightning, amount of details, and colors. Fig. 6 . Illustration of the observed problem with increasing difference between color components. From the left to right: original image, under-exposed image with visible effect, and under-exposed image with compensated effect.
During a visual inspection of the exposure generation results one problem was discovered. It is illustrated in Fig. 6 . The problem was identified on image regions were two out of free color components were saturated (value 0 or 255). In case of under-exposure generation three glaring colors were likely to appear on the bright regions, namely Aqua, Fuchsia, and Yellow. The common feature of these colors is that one color component has a much lower value that the two others. It was a natural consequence of the function used for the mapping between exposure level and pixel values. For two saturated color components the same exposure modification resulted in a much lower value change than compared with the third component (not fully saturated on the original image). The stronger exposure modification the higher difference between color components. This was not an intended feature but also an inevitable one due to the use of a limited range of values, i.e. the value of the pixels that were already saturated does not change even if stronger exposure is applied.
To eliminate this adverse effect a compensation method was proposed. This method involves a slight reduction in the value of the saturated pixels. In result, a difference between the color components does not grow as much as in the described example. Results of the improved exposure generation model are presented in Fig. 7 1 . Top pictures are the original ones captured by digital cameras with different exposure times. Bottom pictures are obtained from the original picture using the proposed exposure generation model. Generated exposure level is closely adjusted to the corresponding original images but more important is proper color handling. Some colors fade much faster than others (see green tree in Fig. 7(b) or bright cars in Fig. 7(d) ).
The generation of a desired exposure level is illustrated in Fig. 8 . The first step is to take the original picture, read pixel saturation values y in for all RGB components and calculate the original exposure level x in for each pixel, using the 1 In order to get a full impression it is necessary to view this figure on the source PDF file. 
where a = −3.2, b = −1.3, c = 0.4. Afterwards, shift exposure value by a given offset eps obtaining a desired exposure level x out = x in + eps. In the last step a new pixel saturation value y out is calculated:
1 + e a * xout+b c (4) Fig. 8 . Generation of a desired exposure level based on pixel luminance/color saturation modification its value was represented by a virtual variable (shot number from 1 to 28). The proposed metric should quantify exposure in a more meaningful manner. It means that the same value should preferably correspond to the same quality degradation level across different scenes. In contrast, fixed exposure time would yield a completely different impact on QoE depending on scene lightning (correct exposure time for low-light scene would result in over-exposure distortion for bright scene).
The metric was inspired by a shape of the histograms presented in Fig. 1 . A histogram of a correctly exposed image spreads over the whole range of luminance. Histograms of over-and under-exposed images are shifted to the bright and the dark side respectively. The higher the exposure distortion the more significant the shift. In other words, there are no completely black and white regions on over-and underexposed images, respectively. Consequently, the exposure metric is based on histogram range inspection.
The metric is calculated locally for each video frame. In the first step mean luminance is calculated for each macroblock of a given video frame. The average of the three macroblocks with the lowest and the highest luminance represent luminance (histogram) bounds. The exposure metric for a single frame is calculated as:
where L b and L d are bright and dark luminance bounds.
Video level metric is calculated by averaging frame metric over one scene. The proposed methodology assumes that each natural video sequences has at least some bright and dark regions. It is much more accurate approach than a simple histogram average luminance calculation. For instance, it eliminates the problem when images showing black objects with very few bright regions would be classified as under-exposed. 
SUBJECTIVE TESTS
In order to verify the exposure metric a subjective experiment was carried out. The purpose of the experiment was to calculate a mapping function between exposure metric values and quality perceived by users. Human testers rated video sequences affected by different degradation levels, obtained using the proposed exposure generation model. Four test sequences, provided by Video Quality Experts Group (VQEG) [6] , have been used: "Betes", "Autumn", "Football", and "Susie". The video sequences reflect two different content characteristics (i.e. motion and complexity). For both overand under-exposure, six degradation levels were introduced into each test sequence. The exposure range was adjusted to cover the whole quality scale (from very slight to very annoying distortions). The applied subjective test methodology was the ITU's ACR-HR (Absolute Category Rating with Hidden Reference) described in ITU-T P.910 [7] . According to the VQEG's guideline for ACR methods, the eleven-grade numerical quality scale was used (see ITU-T P.910).
ANALYSIS OF RESULTS
The most important task was to find a function mapping a distortion level (exposure metric) on the user experience (MOS). Since in the test the eleven-grade quality scale was used it could be assumed that the testers' answers are an interval variable. Therefore, the obtained results were approximated by a continuous function. The important problem was to predetermine the shape of the function to be used. It cannot be predicted how a distortion influences the user experience. Therefore, numerous different functions could be considered but some basic properties of these functions can be specified. The argument of the mapping function is the exposure metric and the value is predicted user experience. The user answers are scored on a limited scale. On the other hand the metric value cannot be easily limited (it is not known what is The selected function possessing all the mentioned properties was the symmetric logit function SLF, given by Eq. 1 with parameter c = 1. Results obtained for the ALF function had a large confidence interval for parameter c so that is why it was decided to eliminate asymmetry.
It was necessary to estimate two different function for over-and under-exposure. Estimation results are presented in Fig. 10 
CONCLUSIONS
This paper introduced a novel video quality metric dedicated to the perceived video quality assessment affected with exposure distortions. For the research purpose it was necessary to develop an exposure generation model. The model was verified against real images taken at different exposure levels. Furthermore, its correctness was confirmed by its similarity to the physical characteristics of a typical image sensor used in digital photography. The exposure metric represents an image analysis approach and has relatively low computational requirements. A psychophysical experiment was performed to verify the performance of the exposure metric. Obtained results reveal that the proposed metric has high accuracy in predicting the impact of improper exposure on the user experience (very high correlation with subjective scores).
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